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1. Introduction 
The superior advantages of fibre Bragg grating (FBG) as a transducer have led to the increased interest among the 
researchers and industrial players. FBG has the capability to operate in unsafe environmental conditions, is able to provide 
multiple sensing points in a single cable and has remote sensing and invulnerability to electromagnetic fields. These 
advantages allow FBG to serve in many measurement fields, such as vibration monitoring in gas exploration, military 
vehicles, footbridge [1-4]; pressure measurement in pipe line leakage detection [5]; temperature monitoring system in 
lubricating oil, aircraft engine control system [6] etc. In acceleration measurement, the main concern of FBG is its 
sensitivity, which is related to the reliability of the accelerometer. The sensitivity value of FBG accelerometer has been 
previously addressed by Teven et al. [7], with less than 1 ug produced by a simple harmonic oscillator. The Fabry-Perot 
accelerometer which was introduced by Kersey et al. [8] managed to produce high sensitivity and good linearity but not 
sensitivity value is reported. Gerges et al. [9] then adapted and integrated the principle of Fabry–Perot with diaphragm-
type FBG accelerometer for the improvement of the sensitivity. The successful work by Gerges et al. was then continually 
studied by Weng et al. [10] but with the combination of U-shape rigid cantilever beam, which produced 100 pm/g. This 
new mechanism was introduced to enhance the vibration effect. To minimise the cross-coupling of non-directional 
accelerations, Muller et al. [11] had introduced the double diaphragms FBG accelerometer, in which the sensitivity 
Abstract: Vibration response of low-frequency cantilever fibre Bragg grating (FBG) accelerometer produced by 
Euler–Bernoulli model (namely FBG-MM model) is found to be frequency-dependent, unsimilar to SDOF model. 
Therefore, the sensitivity of the cantilever FBG accelerometer could not be identified using polynomial or basic 
fitting methods. This paper presents the use of cascade-forward backpropagation neural network (CFB) to predict 
the sensitivity of the cantilever FBG accelerometer in a "black box", which refers to the behaviour of the deep neural 
network. The inputs of the network are maximum base accelerations and forcing frequencies, which was set between 
20 and 90 Hz (below than the first fundamental frequency of the proposed FBG accelerometer), while the output is 
the wavelength shift. The validation results show that the wavelength shift predicted by the trained CFB demonstrates 
good agreement with the FBG-MM, with the input parameter within the range of that used in training process. In 
addition, results also show that the trained CFB would be invalid if the input parameter is out of the range of that 
used in training process. In real acceleration measurement, since the forcing frequency is unknown beforehand, the 
trained CFB must be re-trained by considering the maximum base accelerations are embedded with forcing 
frequencies. 
 
Keywords: Fibre Bragg grating accelerometer, sensitivity, cantilever Euler-Bernoulli beam model, cascade-forward 
backpropagation neural network 
Khalid et al., International Journal of Integrated Engineering Vol. 13 No. 7 (2021) p. 235-244 
 236 
reported was 1 pm/g. The concept of double diaphragms with different design was also presented by Liu et al. [12], 
reporting a sensitivity of 45.9 pm/g. 
Meanwhile, there are two process methods for determining the sensitivity of the FBG accelerometer: (i) Prediction of 
the sensitivity using numerical data computed from the mathematical model of the FBG accelerometer; and (ii) Sensitivity 
identification using empirical data obtained from real acceleration measurement. Li et al. [13] has proposed an ultra-
small FBG accelerometer and its sensitivity from the numerical and empirical data was found to be 244 pm/g and 633 
pm/g, respectively. Both the numerical and empirical data generated 5 Hz forcing frequency and a steady increment of 
base acceleration. In contrast to Li et al. [13], Liu et al. [14] computed the sensitivity of symmetrical bended spring plates 
FBG accelerometer using: (i) numerical data at a single maximum base acceleration of 1 m/s2 at two forcing frequencies 
of 5 and 10 Hz; and (ii) empirical data at maximum base acceleration within the range of 1–6 m/s2 and at forcing 
frequencies of 5, 10, 15, and 20 Hz (see Fig. 1). From the numerical data, the sensitivity obtained was 1067 pm/g, which 
is similar to that found using empirical data. Nevertheless, the sensitivity of the FBG accelerometer slightly increased 
with increasing forcing frequencies (1067 pm/g at 5 Hz, 1084 pm/g at 10 Hz, 1126 pm/g at 15 Hz, and 1166 pm/g at 20 
Hz). 
 
Fig. 1 - Response of the FBG accelerometer under different base accelerations and frequencies [14] 
 
Based on the findings in [14], it can be concluded that the wavelength shift of FBG accelerometer is frequency-
dependent. As proposed in a previous work [15], the cantilever FBG accelerometer was modelled using a more accurate 
approach, namely, FBG-MM. Using the FBG-MM, it is noticed that the predicted amount wavelength shift was found to 
be frequency-dependent, but the sensitivity is not yet discussed. Hence, this paper proposes cascade-forward 
backpropagation neural network to identify the sensitivity of cantilever FBG accelerometer to cater for frequency-
dependent issues. 
 
2. Basis for Non-Parametric Identification 
Fig. 2 shows the measurement configuration of cantilever FBG accelerometer and its absolute motion due to the base 
motion. The base excitation given to the FBG accelerometer resulted in the computation of the strain based on the 
relativity between the absolute motion and the base motion. Detailed derivation for the relative motion of cantilever FBG 
accelerometer is reported in previous publication [15]. 
The basis for the identification can be constructed by studying the mathematical model of the cantilever FBG 
accelerometer resulted from the employing of Euler–Bernoulli theorem and modal model approach, namely, FBG-MM 
[15]. The steady-state response of the cantilevered FBG accelerometer under base excitation is given as: 
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where, 𝑈0𝑒
𝑖𝜔𝑡, 𝜎𝑟, 𝜔𝑟, 𝜔, 𝜆𝑟 are harmonic base displacement, a constant for mode ‘r’, natural frequency of mode ‘r’, 
forcing frequency, and dimensionless frequency numbers, respectively. Eq. 1 is used for computing the curvature of the 













Fig. 2 - (a) Measurement configuration using cantilever FBG accelerometer; (b) close-up of cantilevered FBG 
accelerometer (red dotted circle) under translational and rotational base motions; c) absolute motion of FBG 
due to base motion accelerated by shaker; (d) actual cantilever FBG accelerometer 
 
The strain of the FBG sensor is given as: 
 
 𝐹𝐵𝐺(𝑥, 𝑡) = −(ℎ + ℎ𝑓)
𝜕2𝑢𝑟𝑒𝑙(𝑥,𝑡)
𝜕𝑥2
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It is known that the wavelength shift of the FBG is directly proportional to the strain of the FBG, as given in Eq. (4) 
[16, 17]. 
𝛥𝜆 ≈ 1.2 × 𝐹𝐵𝐺(𝑥, 𝑡)                                                                              (4) 
 
where, 1.2 represents the strain sensitivity of FBG with peak wavelengths in the C band regime (1.2 pm/με in general). 





?̈?𝑏(𝑥, 𝑡)                                                                            (5) 
 





                                                                                     (6) 
 
 
Replacing both FBG-MM (Eq. 2)) and SDOF model (Eq. (5)) into Eq. (6) resulted in the sensitivity of the FBG 
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It is clearly observed that the sensitivity computed by FBG-MM model (Eq. 7) does depend on the position of FBG sensor 
(x), time (t), and the forcing frequency (𝜔). In contrast, the SDOF model (Eq. 8) only depends on the position of FBG 
Plate 
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sensor (x) and is no longer dependent on time (t) and forcing frequency (𝜔). The plots of wavelength shift against base 
acceleration for both FBG-MM model and SDOF model are shown in Fig. 3 and Fig. 4, respectively. For SDOF model 
(Fig. 4), the wavelength shift linearly increases as the base acceleration increases without being affected by the varying 
forcing frequencies. Nevertheless, the wavelength shift computed by FBG-MM (Fig. 3) was considerably affected by the 
forcing frequencies, leading to difficulties in identifying its sensitivity. 
The sensitivity of the FBG accelerometer SDOF model can be easily determined using simple polynomial function 
but for FBG-MM, polynomial function may lead to inconsistency in predicted wavelength shift. Therefore, one of the 
best candidates to determine its sensitivity is using artificial intelligence, such as genetic algorithm (GA) and fuzzy logic, 
among others. In this paper, the authors prefer to propose neural network identification because it has been successfully 
used by the co-author of this work in identifying the foil-air bearing forces [19]. 
 
 




Fig 4. - The wavelength shift plot against base excitation for SDOF model 
 
3. Neural Netwrok Identification 
Cascade-forward backpropagation neural network (CFB) is proposed to be a non-parametric model for this study, in 
which the inputs from every previous layer are fed to following layers [20]. The schematic diagram of the network for 
∆𝜆, and the scheme used to train it, is illustrated in Fig. 5. The CFB’s external inputs will be the base acceleration ?̈?𝑏(𝑥, 𝑡) 
and forcing frequency 𝜔. The output estimate of the network for ∆𝜆 is denoted by ∆?̃?. The parameters of the CFB are 
optimised so that the difference (error), δ, between the true (FBG-MM) output, ∆𝜆, and the network output, ∆?̃?, can be 








Fig. 5 - CFB model of the wavelength shift ∆𝜆 and its identification procedure 
 
3.1 Training Data Generation 
From the aforementioned theory of FBG-MM and Fig. 2 (a), the identification of CFB requires training data sets 
comprising the true output for the given inputs. These data sets can be generated in two ways, depending on whether the 
identified cantilever FBG accelerometer is numerical or an actual transducer. 
 
 Cantilever FBG accelerometer is represented by numerical model (FBG-MM) – prescribing ?̈?𝑏(𝑥, 𝑡) and 𝜔, and 
determining the resulting wavelength shift, ∆𝜆. 
 Cantilever FBG accelerometer is excited by shaker by applying base excitation through voltage input to shaker 
at known excitation frequencies, 𝑓𝑒, and determining the resulting base acceleration, ?̈?𝑏(𝑥, 𝑡), and wavelength 
shift, ∆𝜆. 
 
The input-output data computed by Eq. 1 (after dual-differentiation to obtain ?̈?𝑏(𝑥, 𝑡)) and Eq. (4) are tabulated in 
Table 1. The position of FBG sensor, x, is 30 mm from the fixed end of the cantilever beam. 
 
Table 1 - Input and output data for CFB 
Input data 1, 𝜔 (2𝜋𝑓), where f 
(Hz) 
Input data 2, ?̈?𝑏(𝑥, 𝑡) (m/s
2) ** Output data, ∆𝜆 (nm) 
2π (f = 1 Hz) 
[𝜔1×202] = [2π, 2π ... 2π] 
?̈?𝑏(0.03, 𝑡)1×202 = [–78.96, –78.17, ... 0, 0.7896, 
1.5792, … 78.96] 
∆𝜆 = [0, 1.5679e–4, … 0.0157] 
4π (f = 2 Hz) 
[𝜔1×202] = [4π, 4π ... 4π] 
?̈?𝑏(0.03, 𝑡)1×202 = [–78.96, –78.17, ... 0, 0.7896, 
1.5792, … 78.96] 
∆𝜆 = [0, 1.5685e–4, … 0.0157] 
. . . 
. . . 
. . . 
 . . 
178π (f = 89 Hz) 
[𝜔1×202] = [178π, 178π ... 178π] 
?̈?𝑏(0.03, 𝑡)1×202 = [–78.96, –78.17, ... 0, 0.7896, 
1.5792, … 78.96] 
∆𝜆 = [0, 0.0016, … 0.1551] 
   
180 π (f =90 Hz) 
[𝜔1×202] = [180π, 180π ... 180π] 
?̈?𝑏(0.03, 𝑡)1×202 = [–78.96, –78.17, ... 0, 0.7896, 
1.5792, … 78.96] 
∆𝜆 = [0, 0.0018, … 0.1848] 
**?̈?𝑏(0.03, 𝑡) vary between –78.96 to 78.96 m/s2 
 
Input-output data in Table 1 will be generated to the cantilever FBG accelerometer with parameters of cantilever beam 
and FBG sensor as in Table 2 (used in previous authors’ work[15]). The total input-output data will be [2 × 18180] and 
[1 × 18180], respectively. Noted that the excitation profile is sinusoidal. For validation purpose, the trained CFB will be 
tested on time-series data over the wide range of forcing frequency and maximum base acceleration as well as at various 
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Table 2 - Properties of cantilever beam and FBG 
sensor 
Parameter Value 
length, l 50 mm 
width, b 10 mm 
thickness, d 0.3 mm 
location of centre of FBG 
measured from fixed end, lFBG 
30 mm 
density, ρ 8000 kg/m3 
Young’s Modulus, E 193 GPa 
Poisson ratio, ʋ 0.29 
wavelength of FBG sensor 1544 nm 
 
3.2 CFB Architecture and Training 
With reference to Fig. 6, the best architecture for CFB after several try-and-error attempts was two hidden layers with 
10 and 5 neurons, respectively. Both hidden and output layers used hyperbolic tangent sigmoid transfer function and the 
Levenberg–Marquardt optimisation method was chosen to optimise the weights and biases of the network. The input-
output data set is divided into 70% for training, 15% for validation and 15% for testing. Meanwhile, 𝐪𝑘 is defined as 3 × 
18180 matrix comprising the input to layer no. 1. 
 
𝐪𝑘 = [?̈?𝑏1?̈?𝑏2 . . . ?̈?𝑏9090  ;  𝜔1 𝜔2 … 𝜔9090 ;  ∆?̃?1, ∆?̃?2 … ∆?̃?9090]                                             (9) 
 






+ 𝒃(1))                                                                           (10) 












 +𝒃(𝑚)) ,    𝑚 = 1, 2, … 𝑀                 (11) 
 
 
where, 𝐖(𝑚) and 𝐛(𝑚) are the matrix of weights and vector of biases of the mth layer, respectively; and 𝐡(𝑚)( ) is a 
vector operator comprising the transfer functions of the neurons of the mth layer. 
 
 
Fig. 6 - CFB architecture 
 
4. Results and Discussion 
In addition to the 15% of input-output data set in CFB training process that was assigned for testing, a new set of 
input-output data was generated from FBG-MM to be used in testing/validation process to investigate the efficiency of 
the sensitivity of the trained CFB. Three input-output data set are as follows: 
 
 Set 1 – time-series of input-output (base acceleration-wavelength shift) data with the forcing frequencies are 1 
Hz ≤ f ≤ 90 Hz and the maximum base acceleration does not exceed ±78.98 m/s2 – within the range of the forcing 
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 Set 2 – time-series of input-output (base acceleration-wavelength shift) data with the forcing frequencies are 1 
Hz ≤ f ≤ 90 Hz but the maximum base acceleration exceeding the maximum base acceleration used in training 
process; and 
 Set 3 – time-series of input-output (base acceleration-wavelength shift) data with both forcing frequencies and 
maximum base acceleration are randomly set and the position of FBG sensor on the cantilever beam was changed 
from 0.03 m to 0.04 m. 
 
   
  
  
Fig. 7 - Predicted versus FBG-MM wavelength shift where the forcing frequencies, maximum base acceleration, 
and position of FBG sensor within the range of that used in training process 
 
As seen in Fig. 7, it is apparent that the trained CFB could predict the wavelength shift is perfectly well for the input-
output data of Set 1, since the forcing frequencies and maximum base acceleration within the range of that used in training 
process. 
In Fig. 8, the input of Set 2 provided the maximum base acceleration exceeding the range as used in training process, 
thus the trained CFB could not predict the wavelength shift very good. This can be clearly seen in Fig. 8(b), (c), (e), and 
(f) when the maximum base excitation was set to be 266.5, 215.0, 234.1, and 223.5 m/s2. It is also observed that the 
trained CFB unable to predict the wavelength shift, which was excited by high base excitation, as shown by the green 
circle in the same figures. Nevertheless, in Fig. (a) and (d), with the maximum base acceleration (158.0 and 114.4 m/s2) 
reasonably close to that used in training process (± 78.98 m/s2), the prediction is still acceptable with over prediction 
when the forcing frequencies and base acceleration kept increasing. 
Fig. 9 presents the predicted wavelength shift with the position of the FBG on the beam was changed from 0.03 m as 
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fixed end of the beam, the trained CFB able to predict the pattern of the wavelength shift only and not its magnitude (see 
Fig. 9 (a)). Its prediction getting worse when the maximum base acceleration increasing even though its forcing frequency 
remains small, as used in Fig. 9 (a), as shown in Fig. 9 (b). Combination of medium-to-high value of forcing frequency 





Fig. 8 - Predicted versus FBG-MM wavelength shift, where the forcing frequencies and position of FBG sensor 
within the range of that used in training process but with high maximum base acceleration 
 
5. Conclusion 
The research shows that the sensitivity of the cantilever FBG accelerometer is able to be identified by neural network 
because the wavelength shift is frequency-dependent, as opposed to SDOF model. The identified CFB is only valid for 
the input parameter within the range of that used in the training process. Hence, the robustness of the CFB can be 
improved if the range of forcing frequency, the maximum base acceleration the variation position of FBG sensor is 
identified prior to train the CFB. However, in this study, since the fundamental frequency of the proposed cantilever FBG 
accelerometer is 95.2 Hz, extending the range of forcing frequency is unbeneficial because the effective range of forcing 
frequency for an accelerometer should be less than its fundamental frequency (range of forcing frequency for CFB was 
1 Hz ≤ f ≤ 90 Hz). In actual acceleration measurement, frequency is not known beforehand, thus, using the trained CFB 
will not work unless it is re-trained without prescribing the forcing frequency. To overcome this issue, the base 
acceleration can be generated using chirps signal with increasing amplitude, forcing frequency and position of FBG 












Fig. 9 - Predicted versus FBG-MM wavelength shift at random forcing frequencies maximum base acceleration 
but the position of the FBG is changed to 0.04 measured from fixed end 
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